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ASYMMETRICALLY HIERARCHICAL
NETWORKS WITH ATTENTIVE

INTERACTIONS FOR INTERPRETABLLE
REVIEW-BASED RECOMMENDATION

RELATED APPLICATION INFORMATION

This application claims priority to provisional application
Ser. Nos. 62/892,082, filed on Aug. 27, 2019, and 62,893,
247, filed on Aug. 29, 2019, incorporated herein by refer-

ence herein 1n their entirety.

BACKGROUND

Technical Field

The present invention relates to artificial intelligence and
machine learning, and more particularly to recommendation
systems.

Description of the Related Art

A recommendation or recommender system 1s an infor-
mation filtering system that seeks to predict a rating or
preference a user would have on an item. Existing recom-
mender system methodologies typically merge all reviews of
a given user (1tem) into a long document, and then process
user and 1tem documents 1n the same manner. In practice,
however, the user and 1tem documents are notably different.
For example, a user’s reviews may depict a variety of items
that the user has bought and are thus heterogeneous 1n their
topics, while an 1tem’s reviews are only about the 1tem itself
and thus are homogeneous 1n their topics.

SUMMARY

According to an aspect of the present invention, a method
1s provided for implementing a recommendation system
using an asymmetrically hierarchical network. The method
includes encoding sentences of a set of user historical
reviews associated with a user and a set of 1item historical
reviews associated with an 1tem to generate a set of user
sentence embeddings and a set of item sentence embed-
dings, respectively. The user and the 1tem correspond to a
user-item pair. The method further includes aggregating,
using asymmetrically designed sentence aggregators,
respective ones of the set of 1tem sentence embeddings and
the set of user sentence embeddings to generate a set of 1tem
review embeddings based on first item attention weights and
a set ol user review embeddings based on first user attention
weilghts, respectively. The method further includes aggre-
gating, using asymmetrically designed review aggregators,
respective ones of the set of 1tem review embeddings and the
set of user review embeddings to generate an 1tem embed-
ding based on a second item attention weights and a user
embedding based on second user attention weights, respec-
tively. The method further includes predicting a rating of the
user-item pair based on the item embedding and the user
embedding.

According to another aspect of the present invention, a
system 1s provided for implementing a recommendation
system using an asymmetrically hierarchical network. The
system 1ncludes a memory device storing program code and
at least one processor device operatively coupled to the
memory device. The at least one processor 1s configured to
execute program code stored on the memory device to
encode sentences of a set of user historical reviews associ-

10

15

20

25

30

35

40

45

50

55

60

65

2

ated with a user and a set of item historical reviews asso-
ciated with an item to generate a set of user sentence
embeddings and a set of 1tem sentence embeddings, respec-
tively. The user and the item correspond to a user-item pair.
The at least one processor device 1s further configured to
execute program code stored on the memory device to
aggregate, using asymmetrically designed sentence aggre-
gators, respective ones of the set of 1tem sentence embed-
dings and the set of user sentence embeddings to generate a
set of 1item review embeddings and a set of user review
embeddings, respectively. The at least one processor device
1s Turther configured to execute program code stored on the
memory device to aggregate, using asymmetrically designed
review aggregators, respective ones of the set of item review
embeddings and the set of user review embeddings to
generate an 1tem embedding and a user embedding, respec-
tively. The at least one processor device 1s further configured
to execute program code stored on the memory device to
predict a rating of the user-item pair based on the item
embedding and the user embedding.

These and other features and advantages will become
apparent from the following detailed description of 1llustra-
tive embodiments thereotf, which 1s to be read in connection
with the accompanying drawings.

BRIEF DESCRIPTION OF DRAWINGS

The disclosure will provide details in the following
description of preferred embodiments with reference to the
following figures wherein:

FIG. 1 1s a block/tlow diagram 1llustrating an overview of
a recommendation system implementing an asymmetrically
hierarchical network, in accordance with an embodiment of
the present invention;

FIG. 2 1s a block/tlow diagram illustrating a system/
method for implementing a recommendation system using
an asymmetrically hierarchical network, in accordance with
an embodiment of the present invention;

FIG. 3 1s a diagram 1llustrating a block/flow diagram
illustrating a system/method for performing sentence encod-
ing, in accordance with an embodiment of the present
invention;

FIG. 4 1s a block/tlow diagram illustrating a system/
method for aggregating a set of user sentence embeddings,
in accordance with an embodiment of the present invention;

FIG. 5 1s a block/tlow diagram illustrating a system/
method for aggregating a set of user review embeddings, in
accordance with an embodiment of the present invention;

FIG. 6 1s a block/tlow diagram illustrating a system/
method for predicting a rating of a user-1tem patir, 1n accor-
dance with an embodiment of the present invention;

FIG. 7 1s a block/flow diagram 1illustrating a computer
system, 1 accordance with an embodiment the present
invention; and

FIG. 8 1s a diagram 1llustrating an exemplary environment
for implementing a recommendation system using an asym-
metrically hierarchical network, in accordance with an
embodiment of the present invention.

DETAILED DESCRIPTION OF PR
EMBODIMENTS

L1
Y

ERRED

In accordance with embodiments of the present invention,
systems and methods are provided for implementing asym-
metrically hierarchical networks (AHNs) with attentive
interactions for interpretable review-based recommendation
to differentiate the learning of user’s embedding and 1tem’s
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embedding from their respective reviews for recommenda-
tion. User and item embeddings can be learned in parallel
using several asymmetric user and item hierarchical aggre-
gators that pay diflerent attention to a user’s reviews and an
item’s reviews to decide whether the 1tem should be rec-
ommended to the user, thus enhancing prediction accuracy
and model interpretability. More specifically, asymmetric
user and 1tem aggregators of an AHN progressively aggre-
gate important sentences to represent each review, and can
aggregate important reviews to represent each user (item).
At item’s side, attention-based aggregators at sentence-level
and review-level can assign high weights to sentences and
reviews that are associated with 1ts overall rating (e.g.,
sentiments on different aspects). At the user’s side, an
interaction-based co-attentive mechanism 1s provided to
utilize the target item’s reviews (sentences) for guiding the
search and selection of a homogeneous (sub) set of the user’s
reviews (sentences) that are most relevant to the target item
to reduce the heterogeneity in the topics. This asymmetric
aggregation mechanism can uncover “which aspects 1s a
user concerned with” and “how are these aspects evaluated
by other users.” In this manner, the AHN described herein
can dynamically and hierarchically build effective embed-
dings upon the most useful knowledge for improved per-
sonalized recommendation. The embodiments described
herein can be implemented within a variety of real-world
applications and scenarios including, but not limited to,
playlist generators for movie and music services, product
recommenders, restaurant recommenders, etc.

Embodiments described herein may be entirely hardware,
entirely software or including both hardware and software
clements. In a preferred embodiment, the present mnvention
1s implemented 1n soitware, which includes but 1s not limited
to firmware, resident software, microcode, etc.

Embodiments may include a computer program product
accessible from a computer-usable or computer-readable
medium providing program code for use by or 1n connection
with a computer or any instruction execution system. A
computer-usable or computer readable medium may include
any apparatus that stores, communicates, propagates, or
transports the program for use by or in connection with the
instruction execution system, apparatus, or device. The
medium can be magnetic, optical, electronic, electromag-
netic, infrared, or semiconductor system (or apparatus or
device) or a propagation medium. The medium may include
a computer-readable storage medium such as a semiconduc-
tor or solid state memory, magnetic tape, a removable
computer diskette, a random access memory (RAM), a
read-only memory (ROM), a rigid magnetic disk and an
optical disk, etc.

Each computer program may be tangibly stored i a
machine-readable storage media or device (e.g., program
memory or magnetic disk) readable by a general or special
purpose programmable computer, for configuring and con-
trolling operation of a computer when the storage media or
device 1s read by the computer to perform the procedures
described herein. The inventive system may also be consid-
ered to be embodied in a computer-readable storage
medium, configured with a computer program, where the
storage medium so configured causes a computer to operate
in a specific and predefined manner to perform the functions
described herein.

A data processing system suitable for storing and/or
executing program code may include at least one processor
coupled directly or indirectly to memory elements through a
system bus. The memory elements can include local
memory employed during actual execution of the program
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4

code, bulk storage, and cache memories which provide
temporary storage of at least some program code to reduce
the number of times code 1s retrieved from bulk storage
during execution. Input/output or I/O devices (including but
not limited to keyboards, displays, pointing devices, etc.)
may be coupled to the system either directly or through
intervening I/O controllers.

Network adapters may also be coupled to the system to
ecnable the data processing system to become coupled to
other data processing systems or remote printers or storage
devices through intervening private or public networks.
Modems, cable modem and Ethernet cards are just a few of
the currently available types of network adapters.

As employed herein, the term “hardware processor sub-
system” or “hardware processor” can refer to a processor,
memory, software or combinations thereof that cooperate to
perform one or more specific tasks. In usetul embodiments,
the hardware processor subsystem can 1nclude one or more
data processing elements (e.g., logic circuits, processing
circuits, instruction execution devices, etc.). The one or
more data processing elements can be mncluded in a central
processing unit, a graphics processing unit, and/or a separate
processor- or computing element-based controller (e.g.,
logic gates, etc.). The hardware processor subsystem can
include one or more on-board memories (e.g., caches, dedi-
cated memory arrays, read only memory, etc.). In some
embodiments, the hardware processor subsystem can
include one or more memories that can be on or off board or
that can be dedicated for use by the hardware processor
subsystem (e.g., ROM, RAM, basic input/output system
(BIOS), etc.).

In some embodiments, the hardware processor subsystem
can 1nclude and execute one or more software elements. The
one or more software elements can include an operating
system and/or one or more applications and/or specific code
to achieve a specified result.

In other embodiments, the hardware processor subsystem
can 1nclude dedicated, specialized circuitry that performs
one or more electronic processing functions to achieve a
specified result. Such circuitry can include one or more
application-specific integrated circuits (ASICs), field-pro-
grammable gate arrays (FPGAs), and/or programmable
logic arrays (PLASs).

These and other variations of a hardware processor sub-
system are also contemplated 1n accordance with embodi-
ments of the present mvention.

Referring now 1n detail to the figures in which like
numerals represent the same or similar elements and initially
to FIG. 1, a recommendation system 100 1s depicted in
accordance with one embodiment of the present invention.

As shown, the system 100 includes a sentence encoder
102. Generally, the sentence encoder 102 aims to transform
sentences from a sequence of discrete word tokens to a
continuous vector embedding. More specifically, the sen-
tence encoder 1s configured to encode sentences based on a
first set of historical reviews associated with a user (u) and
a second set of historical reviews associated with an 1tem
(v), with the user and 1tem constituting a user-item pair. The
sentence encoder 102 can be implemented using any suitable
neural network technique 1n accordance with the embodi-
ments described herein. Examples of suitable neural net-
work techniques include, but are not limited to, Bidirectional
Long Short-term Memory (BiLSTM), Convolutional Neural
Network (CNN), Bidirectional Encoder Representations
from Transtormers (BERT), etc.

In one embodiment, the sentence encoder 102 1s config-
ured to encode a sentence by representing the sentence by a
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sequence of word vectors, learning a vector embedding for
the sentence based on the sequence of word vectors, and
encoding context information for the at least one sentence
based on the vector embedding. Examples of suitable
embedding techniques that can be used to represent the
sentence by a sequence of word vectors include, but are not
limited to, word2ec, GloVe, etc. The vector embedding can
illustratively be learned by max-pooling hidden states of a
bidirectional recurrent neural network (BiRNN) on the
sequence ol word vectors, and the context information can
illustratively be encoded by applying the BiRNN on the
sentence.

For example, suppose that a sentence s has 1 words. By
employing a word embedding matrix E €R " 5 can be
represented by the sequence [e,, . . ., €], where ¢, 1s the
embedding of the 1-th word 1n s, d 1s the dimensionality of
the word embedding and V _ 1s the complete vocabulary of
words. The matrix E can be initialized using word embed-
dings (e.g., word2vec or GloVe). The matrix E

E can be
fine-tuned during model training to refine the word embed-
dings.

To learn an embedding for s, a BiILSTM can 1illustratively
be employed on 1ts constituent word embeddings, and max-
pooling can be applied on the hidden states to preserve the
most informative information. More specifically:

s'=max([€, . . ., ;] (1)

where s' 1s the embedding of s and

e~BILSTM(&._,e;) (2)

where €, 1s mitialized by an all-zero vector O.

Suppose that a review has k sentences. The review can be
represented by a sequence [s,, . . ., S.], where s, 1s the
embedding of the 1-th sequence of the review, as inferred by
Eq. (1). However, using Eq. (1), each s, only encodes 1ts own
semantic meaning, but remains oblivious to any contextual
cues from 1ts surrounding sentences in the same review. To
turther refine the sentence embedding, a context-encoding
layer can be mtroduced by employing another BiLSTM on
top of the previous BiLSTM to model the temporal inter-
actions between sentences. That 1s:

§~BiLSTM(._,,s,) (3)

where S, 1s the final embedding of the 1-th sentence in the
review and S, 1s mitialized as O.

The system 100 1s illustratively shown including a sen-
tence-level aggregation layer 110, a review-level aggrega-
tion layer 120 and a prediction layer 130.

Generally, the sentence-level aggregation layer 110 1s
configured to embed each review 1nto a compact vector from
its constituent sentences by learning review embeddings 1n
an asymmetric style based on a first set of sentence embed-
dings associated with the user 112-1 and a second set of
sentence embeddings associated with the item 112-2 gener-
ated by the sentence encoder 102. More specifically, as will
be described in further detail, the first and second sets of
sentence embeddings 112-1 and 112-2 can be attentively
aggregated 1nto a first set of review embeddings associated
with the user and a second set of review embeddings
associated with the 1tem, respectively, using asymmetrically
designed sentence aggregators. The term “attentively aggre-
gate” as used herein refers to the use of an attention weight
mechanism during aggregation. The {first set ol sentence
embeddings 112-1 can be of the form [§,%; .. .; §.”], and the
second set of sentence embeddings 112-2 can be of the form
[S,"; ... 8.7], represents [*;*] the concatenation operation.
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For example, to perform attentive aggregation, the sen-
tence-level aggregation layer 110 includes an 1tem sentence
aggregator (ISA) 114 configured to extract informative
sentences containing descriptions and sentiments of the item
based on the second set of sentence embeddings 112-2, and
a user sentence aggregator (USA) 116 configured to leamn
attention weights on user sentences based on the first and
second sets of sentence embeddings 112-1 and 112-2, and.
Accordingly, the ISA 114 and the USA 116 are asymmetric
with respect to one another.

(G1ven an item, sentences that contain other users’ senti-
ments (or evaluations) on 1ts aspects can be useful to
determine an overall rating. To build an informative embed-
ding for the 1tem’s review upon such sentences, the ISA 114
uses a sentence-level attention network to aggregate the
second set of sentence embeddings 112-2 based on item
attention weights and generate a set of review embeddings
associated with the 1tem 118-1.

For example, the ISA 114 can generate a set of m
concatenated review embeddings associated with the item v
118-1, denoted as r'=[r,"; . . . ; r, "] as follows:

v__ ko, v
AEM I C ALY

(4)

where «.” 1s the 1-th item attention weight assigned to
sentence §,” and 2._,“c.*=1. The attention weight o.” quan-
tifies the “informativeness™ of sentence §,° with respect to
the 1tem v’s overall rating, compared to other sentences. For
example, the attention weight a,” can be calculated by:

(5)

Vv

v exp(vgtanh((wgﬁf) ® G‘(ﬁf’ gif)))
| Ef}: i exp(vgtanh((wgﬁj-) ® ﬂ'(ﬁf’ §37 )))

where v.Z ER™! W_eR”"™ and W_ ER " are learnable

parameters, © is the Hadamard or element-wise product,
and o(*) 1s the sigmoid function. The hyperbolic tangent
function non-linearity 1s used to include both negative and
positive values for proper gradient flow. Such as formulation
allows for the discovery of key factors with respect to the
final rating, which corresponds to sentences with rich sen-
timent information (as desired). The approximate linearity
of the hyperbolic tangent 1n [-1, 1] could limit the expres-
siveness of the model. To address this, 1n one embodiment,
a non-linear gating mechanism can be used. For example, in
this illustrative embodiment, the gating mechamism o(W 5.%)
1s used 1n the attention weight calculation to improve model
performance.

The USA 116 1s an interaction-based sentence aggregator
for users configured to receive the item attention weights
calculated by ISA 114 and the sets of sentence embeddings
112-1, 112-2 and generate a set of review embeddings
associated with the user 118-2. For example, USA 116 can
generate a set of n concatenated review embeddings asso-
ciated with the user 118-2, denoted as r"=[r,”; . . . ; r,“].

More specifically, given the user-item pair, the purpose of
the USA 116 1s to select homogeneous subset of sentences
from each of the user’s reviews such that the sentences of the
homogeneous subset are relevant to the item to be recom-
mended (the “target” item). For example, the USA 116 can
learn and normalize an aflinity matrix between user sen-
tences and item sentences, obtain attention weights for the
user sentences based on the athnity matrix, and aggregate
sentences to obtain an embedding for each review. In one
embodiment, the attention weights for the user sentences can
be obtained by performing row-wise max-pooling on the
aflinity matrix.
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Each review can 1illustratively be represented by a review
matrix R=[S,; . . . ; §,] ER“**. Suppose that the user u has
n reviews and the 1tem v has m reviews. The m sentences of
the 1tem can be concatenated to form [R,"; ... ; R ' &
R “*™* The constituent sentences are all relevant to the
target 1tem and thus can be used to gude the search of
similar sentences from the user’s reviews. To this end, an
allinity matrix G, can be calculated by iterating over each
user review matrix R “(1=i=n) as follows:

GAOARMAR: . . . ;R,") (6)

where M. ER%*% is a learnable parameter, ¢(*) is an
activation function such as, e.g., a rectified linear unit
(ReLU), and 1(*) 1s a mapping function such as, e.g., a
multi-layer perceptron (MLP). If 1(*) 1s an 1dentity mapping,
Eq. (6) becomes a bilinear mapping. Here, the (p,q)-th entry
of G, represents the athnity between the p-th sentence of R *
and the g-th sentence of [R,"; ... ; R_"]. In this illustrative
embodiment, the rows of G, can correspond to the user’s
sentence, and the columns of G, can correspond to the item’s
sentence. However, such an embodiment should not be
considered limiting.

To measure how relevant the p-th sentence of the user’s
review R.” 1s to the target item, a maximum value in the p-th
row of the aflinity matrix G, can be used. The intuition 1s
that, 1f a user’s sentence (e.g., arow of ;) has a large athnity
to at least one sentence of the target item (e.g., a column of
(,) such that the maximal aflinity of the row 1s large, then
the user’s sentence 1s relevant to the target item.

However, not all sentences of a target item review may be
useful for searching for relevant sentences from a user
review. For instance, a sentence 1n a target item review of “I
received 1t three days ago.” conveys little information about
the target 1tem, and hence cannot aid 1n 1dentifying relevant
sentences from the user. In fact, such a sentence can intro-
duce noise mto the afhinity matrix.

To solve this problem, the attention weights o.” of all the
sentences of the target 1items can be concatenated to form an
attention weight vector o” R **™* and a Hadamard product
can be computed between each row of G, and the attention
weight vector a”. In this manner, the (p,q)-th entry 1s high
only if the p-th sentence of the user 1s similar to the g-th
sentence of the target item and the g-th sentence of the target
item 1s non-trivial. For example, attention weights for the

sentences 1 R.” for each 1 € [1, n], &.”, can be calculated by
the USA 116 as follows:

o “=softmax(max, (GO, . a"))

(7)
where max, _  refers to row-wise max-pooling for obtaining

the maximum affinity and ©,  refers to the Hadamard
product between each row. Intuitively, (@), 1s large 1f the
1-th sentence 1n the 1-th review of the user describes some
aspects of some 1tem that 1s highly similar to the target item.
This enables selection of a homogeneous subset of sentences
from the user.

Then, the attention weights o can be used to aggregate
the sentences 1n R.” to infer an embedding of the 1-th review
for the user and generate the set of review embeddings

associated with the user 118-2 as follows:

) '=1k(ﬂ'u)j(f" ) (3)

where (R;”).; 1s the j-th column of R Recall that R=
[S,7 . . . ; Sk] where each column of R.” 1s a sentence
embedding. Note that all review embeddmgs associated with
the user r,”, . . ., r,* are calculated by iterative over 1 for 1

& [1, nl.
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The co-attentive mechanism used in the sentence-level
aggregation level 110 considers only one side of the athinity
matrix (e. 2., the user side), and the aflinity matrix 1s adapted
by row-wise multiplication of the item attention weight
matrix to quantily the utility of the item’s sentences. Thus,
the methodology employed by the sentence-level aggrega-
tion level 110 1s designed for learning asymmetric attentions
from user-item 1nteractions.

At this point, we have obtained a set of review embed-
dings associated with the item 118-1 (e.g., from Eq. (4)) and
a set of review embeddings associated with the user 118-2
(e.g., from Eq. (8)). Based on these sets of review embed-
dings 118-1 and 118-2, the review-level aggregation layer
120 1s configured to infer or learn user and 1tem embeddings.
More specifically, as will be described 1n further detail, the
first and second sets of review embeddings 118-1 and 118-2
can be attentively aggregated using asymmetrically
designed review aggregators.

To perform the attentive aggregation, the review-level
aggregation layer 120 includes an item review aggregator
(IRA) 122 configured to generate an aggregated item
embedding 123 and a user review aggregator (URA) 124
configured to generate an agoregated user embedding 125.

Different reviews can exhibit different degrees of infor-
mativeness 1 modeling users and items. For example, an
item’s reviews can be homogeneous. Thus, reviews with
rich descriptions regarding relevant aspects and correspond-
ing sentiments can be of mterest. To attend to such reviews,
similar to Eq. (4), the review embeddings can be aggregated
by the IRA 122 to genecrate the aggregated item review

embedding 123, ¥, as

MR ViV
z:1—1

i I

9)

where 3" 1s the 1-th 1item attention weight assigned to the
review r,” and X._,“B."=1. The attention weight B, assigned
quantifies the “informativeness” of the review r,” with
respect to the item v’s overall rating. For example, the
attention weight 3. can be calculated by:

exp(thanh((W r ) O D‘(ﬁ" r‘-”))) (10)

¥ lexp(thanh((Wrr“) O -:;T(

" )

where vV ER™ W &R and W, ER”"*? are learnable
parameters, © is the Hadamard or element-wise product,
and o(*) 1s the sigmoid function. The hyperbolic tangent
function non-linearity 1s used to include both negative and
positive values for proper gradient flow. Such as formulation
allows for the discovery of key factors with respect to the
final rating, which corresponds to sentences with rich sen-
timent information (as desired). The approximate linearity
of the hyperbolic tangent 1n [-1, 1] could limit the expres-
siveness of the model. To address this, 1n one embodiment,
a non-linear gating mechanism can be used. For example, in
this illustrative embodiment, the gating mechanism CF(WPII ")
1s used 1n the attention weight calculation to improve model
performance.

At the same time, as has been previously mentioned
above, a user’s reviews may be heterogeneous since not all
of the reviews of the user may be relevant to the target item.
Thus, similar to Eq. (6) and Eq. (7), given a user-item pair,
a review-level co-attentive network 1s designed to select
reviews from the user as guided by the review of the item.

For example, the URA 124 can be configured to compute
a second athnity matrix, G, as follows:

G:(I)(f(;"'lv,' - ;FHH)TMPJ([Flv; S ;‘va]))

(11)
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where M, €R “*“ is a learnable parameter, ¢(*) activation
function such as, e.g., a ReLU and 1(*) 1s a mapping function
such as, e.g., an MIT, I1 1(*) 1s a identity mapping, Eq. (11)
becomes a bilinear mapping. Here, the (p,q)-th entry of G
represents the aflinity between the p-th review of the user
and the g-th review of the item. In this 1llustrative embodi-
ment, the rows o1 G can correspond to the user’s review, and
the columns of G can correspond to the item’s review.
However, such an embodiment should not be considered
limiting.

Then, the attention weights for the reviews of the user, p~,
can be calculated by the URA 124 to adapt G to encode
important reviews of the item by:

p“=softmax(max,_ (GO _ Pp")) (12)

where max,_  refers to row-wise max-pooling for obtaining,
the maximum aflinity, © _  refers to the Hadamard product
between each row, and *=[f3,", . . . ,.}] (from Eq. (10)).
Finally, the review embeddings can be aggregated by the

URA 124 to generate the aggregated user review embedding
125, as:

e~ S M Id L
0= 1"p;"r;

(13)

Although the aggregated review embeddings 123 and 125
contain rich semantic information from reviews, there may
be some latent characteristics of users (items) that are not
encoded by their reviews, but can be inferred from rating
patterns. For instance, a picky user might tend to uniformly
pick lower ratings than a more easygoing user. To encode
such user preferences, a one-hot representation of the ID of
cach user (item) can be embedded using MLPs 126-1 and
126-2 to obtain an 1tem embedding vector 127-1 represented
by 1 and a user embedding vector 127-2 represented by 0,
respectively. The embedding vectors 127-1 and 127-2
directly correlate with the ratings of the item/user, and thus
can capture latent rating patterns. A final item embedding
128-1 can then be generated by concatenating the aggre-
gated 1item review embedding 123 and the embedding vector
127-1 (v=[¥; v]) and a final user embedding 128-2 can then

be generated by concatenating the aggregated user review
embedding 125 and the embedding vector 127-2 (u=[1i; u]).

The prediction layer 130 includes a component 132
configured to predict a rating of the user-item pair. More
specifically, the component 132 1s configured to receive the
final 1tem embedding 128-1 and the final user embedding
128-2, concatenate the final embeddings 128-1 and 128-2 to
generate a final concatenated embedding, and feed the final
concatenated 1nto a predictive function to predict a rating of
the user-item pair. In this i1llustrative embodiment, the com-
ponent 132 1s realized as a parameterized factorization
machine (FM), which can model pairwise interactions
between the mput features for improving recommendation
performance.

For example, given an input x ER!, a predictive
function g(*) can be defined as:

g y=b+2,_ wx s, 73 ez ) xx (14)

where b 1s a bias term, w, 1s a parameter for linear regression,
fz.} % are factorized parameters for modeling pair-wise
interactions between X, and x;, {*,*) denotes the inner prod-
uct, and the output of g(x) 1s the predictive rating.
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To learn model parameters, the difference between the
true ratings and the predicted ratings can be minimized. For
example, the difference can be measured by the mean

squared error, £, as:

(15)

0= (i glfuv]))

where ¢ 1s the total number of user-item pairs 1n the traiming,
data and v, 1s the truth rating of the 1-th user-item pair. The

£ in Eq. (15) serves as a loss function for model training.

Referring now to FIG. 2, a block/tflow diagram 1s provided
illustrating a system/method 200 for implementing a rec-
ommendation system using an asymmetrically hierarchical
network (AHN).

At block 210, a set of user historical reviews associated
with a user and a set of 1tem historical reviews associated
with an 1tem are received, with the user and the item
corresponding to a user-item pair.

At block 220, sentences of the sets of user historical
reviews and 1tem historical reviews are encoded to generate
a set of user sentence embeddings and a set of 1tem sentence
embeddings, respectively. Any suitable neural network tech-
nique can be used to perform the encoding at block 220 in
accordance with the embodiments described herein.
Examples of suitable neural network techniques include, but
are not limited to, Bidirectional Long Short-term Memory
(BiLSTM), Convolutional Neural Network (CNN), Bidirec-
tional Encoder Representations from Transformers (BERT),
ctc. Further details regarding block 220 are described above
with reference to FIG. 1 and will now be described below
with reference to FIG. 3.

Referring now to FI1G. 3, a block/flow diagram 1s provided
illustrating a system/method 300 for performing sentence
encoding. The system/method 300 can be used to implement
block 220 of FIG. 2.

At block 310, at least one sentence 1s represented by a
sequence ol word vectors. For example, the at least one
sentence can be at least one sentence of a historical review
from a set of historical reviews. Examples of suitable
embedding techniques that can be used to represent the
sentence by a sequence of word vectors include, but are not
limited to, word2vec, GloVe, etc.

At block 320, a vector embedding for the at least one
sentence 1s learned based on the sequence of word vectors.
In one embodiment, learning the vector embedding for the
at least one sentence includes max-pooling hidden states of
a bidirectional recurrent neural network (BiRNN) on the
sequence ol word vectors.

At block 330, context information for the at least one
sentence 1s encoded based on the vector embedding. In one
embodiment, encoded the context information for the at
least one sentence includes applying the BiRNN on the
sequence ol sentences 1n each review.

Referring back to FIG. 2, at block 230, asymmetrically
designed sentence aggregators are used to aggregate respec-
tive ones of the sets of item sentence embeddings and user
sentence embeddings to generate a set of i1tem review
embeddings based on first item attention weights and a set
of user review embeddings based on first user attention
weilghts, respectively. More specifically, the asymmetrical
designed sentence aggregators include an item sentence
aggregator (ISA) to generate the set of 1tem review embed-
dings a user sentence aggregator (USA) to generate the set
of user review embeddings.
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The ISA 1s an attentive aggregator used to extract infor-
mative sentences containing descriptions and sentiments of
the at least one 1tem. To build an informative embedding for
the item’s review upon such sentences, the ISA uses a
sentence-level attention network to aggregate the set of item
sentence embeddings based on the first item attention
welghts and generate the set of (concatenated) 1tem review
embeddings. In one embodiment, a gating mechanism can
be used in the first item attention weight calculation to
improve model performance. Further details regarding the
functionality of the ISA are described above with reference

to FIG. 1.

The USA 1s an interaction-based sentence aggregator for
users configured to generate the set of (concatenated) user
review embeddings based on the item attention weights
calculated by ISA and the set of user sentence embeddings.
More specifically, given the user-item pair, the USA 1s
configured to select a homogeneous subset of sentences
from each of the user’s reviews such that the sentences of the
homogeneous subset are relevant to the item to be recom-
mended (the “target” item). Further details regarding the
tfunctionality of the USA are described above with reference
to FIG. 1 and will now be described below with reference to
FIG. 4.

Referring now to FIG. 4, a block/flow diagram 1s provided
illustrating a system/method 400 for aggregating user sen-
tences. For example, the system/method 400 can be used by
the user review aggregator (USA) of FIG. 2.

At block 410, a sentence aflinity matrix between user
sentences and 1tem sentences 1s learned and normalized.

At block 420, first user attention weights are obtained
based on the sentence aflinity matrix. In one embodiment,
obtaining the first user attention weights includes perform-
ing row-wise max-pooling on the sentence atlinity matrix
and the first 1item attention weights for obtaining the maxi-
mum aflinity.

At block 430, the user sentence embeddings are aggre-
gated based on the first user attention weights.

Referring back to FIG. 2, at block 240, asymmetrically
designed review aggregators are used to aggregate respec-
tive ones of the sets of item review embeddings and user
review embeddings to generate an item embedding and a
user embedding, respectively. Such review aggregation 1s
performed to infer or learn user and item embeddings. More
specifically, the asymmetrical designed review aggregators
include a user review aggregator (URA) and an item review
aggregator (IRA).

Similar to the ISA, the IRA 1s an attentive aggregator used
to extract informative reviews containing descriptions and
sentiments of the at least one 1tem. The IRA uses a review-
level attention network to aggregate the set of item review
embeddings based on second item attention weights and
generate the item embedding. In one embodiment, a gating
mechanism can be used 1n the second 1tem attention weight
calculation to 1mprove model performance. Further details
regarding the functionality of the IRA are described above
with reference to FIG. 1.

Similar to the USA, the URA 1s an interaction-based
review aggregator for users configured to generate the user
embedding based on the second item attention weights
calculated by ISA and the set of user review embeddings.
More specifically, given the user-item pair, the USA 1is
configured to select a homogeneous subset of sentences
from each of the user’s reviews such that the sentences of the
homogeneous subset are relevant to the item to be recom-
mended (the “target” item). Further details regarding the
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functionality of the URA are described above with reference
to FIG. 1 and will now be described below with reference to

FIG. 5.

Referring now to FIG. 3, a block/tflow diagram 1s provided
illustrating a system/method 500 for aggregating user
reviews. For example, the system/method 500 can be used
by the user review aggregator (URA) of FIG. 2.

At block 510, a review afhinity matrix between user
reviews and item reviews 1s learned and normalized. In one
embodiment, the rows of the review allinity matrix can
correspond to the user’s review and the columns of the
review allinity matrix can correspond to the items’ review.
However, such an embodiment should not be considered
limiting.

At block 520, second user review attention weights are
obtained based on the review aflinity matrix. In one embodi-
ment, obtaiming the second user attention weights includes
performing row-wise max-pooling on the review aflinity
matrix and the second i1tem attention weights for obtaining
the maximum aflinity.

At block 330, the user reviews are aggregated based on
the second user attention weights.

Referring back to FIG. 2, at block 2350, a rating of the
user-item pair 1s predicted based on a concatenation of the
item embedding and the user embedding. Further details

regarding block 250 are described above with reference to
FIG. 1 and will be described below with reference to FIG.

6.

Referring now to FIG. 6, a block/flow diagram 1s provided
illustrating a system/method 600 for predicting a rating of a
user-item pair.

At block 610, a concatenated vector of a user embedding
and an item embedding are received. In one embodiment, a
parameterized factorization machine (FM) 1s configured to
receive the concatenated vector.

At block 620, a predicted rating 1s generated based on the
concatenated vector. In one embodiment, calculating the
predicted rating includes using a regression component and
a feature interaction component.

At block 630, an error between a real rating and the
predicted rating 1s calculated as a loss function for model
training. In one embodiment, the error 1s a mean squared
CITOr.

Referring now to FIG. 7, an exemplary computer system
700 1s shown which may represent a server or a network
device, 1n accordance with an embodiment of the present
invention. The computer system 700 includes at least one
processor (CPU) 705 operatively coupled to other compo-
nents via a system bus 702. A cache 706, a Read Only
Memory (ROM) 708, a Random-Access Memory (RAM)
710, an input/output (I/O) adapter 720, a sound adapter 730,
a network adapter 790, a user interface adapter 750, and a
display adapter 760, are operatively coupled to the system
bus 702.

A first storage device 722 and a second storage device 729
are operatively coupled to system bus 702 by the I/O adapter
520. The storage devices 722 and 729 can be any of a disk
storage device (e.g., a magnetic or optical disk storage
device), a solid state magnetic device, and so forth. The
storage devices 722 and 729 can be the same type of storage
device or different types of storage devices.

A speaker 732 may be operatively coupled to system bus
702 by the sound adapter 730. A transceiver 793 is opera-
tively coupled to system bus 702 by network adapter 790. A
display device 762 1s operatively coupled to system bus 702
by display adapter 760.
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A first user mput device 752, a second user input device
759, and a third user mput device 756 are operatively
coupled to system bus 702 by user interface adapter 750. The
user mput devices 752, 759, and 756 can be any of a sensor,
a keyboard, a mouse, a keypad, a joystick, an image capture
device, a motion sensing device, a power measurement
device, a microphone, a device incorporating the function-
ality of at least two of the preceding devices, and so forth.
Of course, other types of mput devices can also be used,
while maimntaiming the spirit of the present mmvention. The
user input devices 752, 759, and 756 can be the same type
of user mput device or diflerent types of user iput devices.
The user mput devices 752, 759, and 756 are used to input
and output information to and from system 700.

Asymmetrically hierarchical network (AHN) component
770 may be operatively coupled to system bus 702. AHN
component 770 1s configured to perform one or more of the
operations described above. AHN component 770 can be
implemented as a standalone special purpose hardware
device, or may be implemented as software stored on a
storage device. In the embodiment 1n which AHN compo-
nent 770 1s soltware-implemented, although shown as a
separate component of the computer system 700, AHN
component 770 can be stored on, e.g., the first storage device
722 and/or the second storage device 729. Alternatively,
AHN component 770 can be stored on a separate storage
device (not shown).

Of course, the computer system 700 may also include
other elements (not shown), as readily contemplated by one
of skill in the art, as well as omit certain elements. For
example, various other input devices and/or output devices
can be included i computer system 700, depending upon
the particular implementation of the same, as readily under-
stood by one of ordinary skill in the art. For example,
various types ol wireless and/or wired mput and/or output
devices can be used. Moreover, additional processors, con-
trollers, memories, and so forth, in various configurations
can also be utilized as readily appreciated by one of ordinary
skill 1n the art. These and other variations of the computer
system 700 are readily contemplated by one of ordinary skill
in the art given the teachings of the present invention
provided herein.

Referring now to FIG. 8, a diagram 1s provided illustrat-
ing an exemplary environment 800 for implementing a
recommendation system using an asymmetrically hierarchi-
cal network. As shown, the environment 810 can include a
user device 810 in communication with at least one proces-
sor device 820.

The user device 810 1s associated with at least one user.
In this 1llustrative embodiment, the user device 810 1s a
smartphone. However, the user device 810 can be any
suitable computing device 1n accordance with the embodi-
ments described herein.

The user device 810 1s configured to transmit data to the
processor device(s) 820. For example, the data can include
data retlecting the user’s preference for at least one item. The
processor device(s) 820 1s/are configured to receive the data
transmitted by the user device 810 and use the data to
recommend one or more additional 1tems to the user. The
processor device(s) 820 can implement an asymmetrically
hierarchical network, as described herein above with refer-
ence to FIGS. 1-7, to improve the quality of the recommen-
dation(s).

Reference 1n the specification to “one embodiment™ or
“an embodiment” of the present invention, as well as other
variations thereof, means that a particular feature, structure,
characteristic, and so forth described in connection with the
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embodiment 1s included 1n at least one embodiment of the
present invention. Thus, the appearances of the phrase “in
one embodiment” or “in an embodiment™, as well any other
variations, appearing in various places throughout the speci-
fication are not necessarily all referring to the same embodi-
ment. However, 1t 1s to be appreciated that features of one or
more embodiments can be combined given the teachings of
the present invention provided herein.

It 1s to be appreciated that the use of any of the following
“/”, “and/or”, and “at least one of”, for example, 1n the cases
of “A/B”, “A and/or B” and “at least one of A and B”, 1s
intended to encompass the selection of the first listed option
(A) only, or the selection of the second listed option (B)
only, or the selection of both options (A and B). As a further
example, 1n the cases of “A, B, and/or C” and “at least one
of A, B, and C”, such phrasing is intended to encompass the
selection of the first listed option (A) only, or the selection
of the second listed option (B) only, or the selection of the
third listed option (C) only, or the selection of the first and
the second listed options (A and B) only, or the selection of
the first and third listed options (A and C) only, or the
selection of the second and third listed options (B and C)
only, or the selection of all three options (A and B and C).
This may be extended for as many items listed.

The foregoing i1s to be understood as being in every
respect 1llustrative and exemplary, but not restrictive, and
the scope of the invention disclosed herein 1s not to be
determined from the Detailed Description, but rather from
the claims as interpreted accordmg to the full breadth
permitted by the patent laws. It 1s to be understood that the
embodiments shown and described herein are only 1llustra-
tive of the present mvention and that those skilled 1n the art
may 1mplement various modifications without departing
from the scope and spirit of the mvention. Those skilled 1n
the art could implement various other feature combinations
without departing from the scope and spirit of the invention.
Having thus described aspects of the invention, with the
details and particularity required by the patent laws, what 1s
claimed and desired protected by Letters Patent 1s set forth
in the appended claims.

What 1s claimed 1s:

1. A computer-implemented method for implementing a
recommendation system using an asymmetrically hierarchi-
cal network, comprising:

encoding sentences, using at least one hardware processor

operatively coupled to a non-transitory computer-read-
able storage medium and a bidirectional recurrent neu-
ral network (BiRNN), of a set of user historical reviews
associated with a user and a set of item historical
reviews associated with an 1tem to generate a set of user
sentence embeddings and a set of 1tem sentence embed-
dings, respectively, the user and the item corresponding
to a user-item pair, the encoding representing at least
one sentence by a sequence of word vectors and
comprising learning a vector embedding for the at least
one sentence based on the sequence of word vectors by
training the BiRNN to learn the vector embedding by
max-pooling hidden states of the BIRNN on the at least
one sequence of word vectors;

aggregating, using the at least one hardware processor,

asymmetrically designed sentence aggregators, respec-
tive ones of the set of item sentence embeddings and
the set of user sentence embeddings to generate a set of
item review embeddings based on {first item attention
welghts and a set of user review embeddings based on
first user attention weights, respectively;
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aggregating, using the at least one hardware processor and
asymmetrically designed review aggregators, respec-
tive ones of the set of 1tem review embeddings and the
set of user review embeddings to generate an item
embedding based on a second item attention weights
and a user embedding based on second user attention
weights, respectively; and

predicting, using the at least one hardware processor, a

rating of the user-item pair based on the item embed-
ding and the user embedding.

2. The method as recited 1n claim 1, wherein encoding the
sentence of the set of user historical reviews and the set of
item historical review further includes:

encoding context information for the at least one sentence

based on the vector embedding.

3. The method as recited in claim 1, wherein aggregating,
the set of 1tem sentence embeddings and the set of i1tem
review embeddings further includes using respective gating,
mechanisms during calculation of the first item attention
weights and the second 1tem attention weights to 1mprove
model performance.

4. The method as recited 1n claim 1, wherein:

aggregating the set of user sentence embeddings further

includes:

learning and normalizing a sentence aflinity matrix
between user sentences and item sentences; and

obtaining the first user attention weights based on the
sentence athnity matrnix and the first item attention
weights; and

aggregating the set of user review embeddings further
includes:

learning and normalizing a review aflinity matrix
between user sentences and item sentences; and

obtaining the second user attention weights based on
the review aflinity matrix and the second item atten-
tion weights.

5. The method as recited 1n claim 4, wherein:

obtaining the first user attention weights further includes

performing row-wise max pooling on the sentence

ailinity matrix and the first item attention weight for

obtaining maximum afthnity; and

obtaining the second user attention weights further
includes performing row-wise max pooling on the
review allinity matrix and the second item attention
weight for obtaining maximum afhinity.

6. The method as recited in claim 5, wherein:

obtaining the first user attention weights further includes
calculating the first user attention weights as

o “=softmax(max _ (G,© o)), where o corre-

sponds to attention weights 1n a user review matrix

including n entries for each 1 €[1,n], &” corresponds to

a concatenation of the first item attention weights,

max,_ refers to row-wise max-pooling for obtaining

the maximum affinity and ©,_  refers to the Hadamard
product between each row; and

obtaining the second user attention weights further

includes calculating the second user attention weights
as P“=softmax(max,, (GO, "), where B“ corre-
sponds to the second user attention weights, and p*
corresponds to a concatenation of the second item
attention weights.

7. The method as recited in claim 1, wherein predicting
the rating of the user-item pair further includes:

receiving a concatenated vector of the i1tem embedding

and the user embedding; and

generating a predicted rating based on the concatenated

vector; and

.y

10

15

20

25

30

35

40

45

50

55

60

65

16

calculating an error between a real rating and the pre-

dicted rating as a loss function for model training.
8. A computer program product comprising a non-transi-
tory computer readable storage medium having program
instructions embodied therewith, the program instructions
executable by a computer to cause the computer to perform
a method for implementing a recommendation system using
an asymmetrically hierarchical network, the method per-
tformed by the computer comprising:
encoding sentences, using a bidirectional recurrent neural
network (BiRNN), of a set of user historical reviews
associated with a user and a set of item historical
reviews associated with an 1tem to generate a set of user
sentence embeddings and a set of 1tem sentence embed-
dings, respectively, the user and the item corresponding,
to a user-item pair, the encoding representing at least
one sentence by a sequence of word vectors and
comprising learning a vector embedding for the at least
one sentence based on the sequence of word vectors by
training the BiIRNN to learn the vector embedding by
max-pooling hidden states of the BIRNN on the at least
one sequence of word vectors;
aggregating, using asymmetrically designed sentence
aggregators, respective ones of the set of 1tem sentence
embeddings and the set of user sentence embeddings to
generate a set of 1tem review embeddings based on first
item attention weights and a set of user review embed-
dings based on first user attention weights, respec-
tively;
aggregating, using asymmetrically designed review
aggregators, respective ones of the set of 1tem review
embeddings and the set of user review embeddings to
generate an item embedding based on a second 1tem
attention weights and a user embedding based on
second user attention weights, respectively; and

predicting a rating of the user-item pair based on the 1tem
embedding and the user embedding.

9. The computer program product as recited in claim 8,
wherein encoding the sentence of the set of user historical
reviews and the set of 1tem historical review further
includes:

encoding context information for the at least one sentence

based on the vector embedding.

10. The computer program product as recited 1n claim 8,
wherein aggregating the set of 1tem sentence embeddings
and the set of 1tem review embeddings further includes using
respective gating mechanisms during calculation of the first
item attention weights and the second 1tem attention weights
to 1improve model performance.

11. The computer program product as recited in claim 8,
wherein:

aggregating the set of user sentence embeddings turther

includes:

learning and normalizing a sentence athnity matrix
between user sentences and item sentences; and

obtaining the first user attention weights based on the
sentence athnity matrix and the first 1tem attention
weights; and

aggregating the set of user review embeddings further

includes:

learning and normalizing a review aflinity matrix
between user sentences and item sentences; and

obtaining the second user attention weights based on
the review aflinity matrix and the second 1tem atten-
tion weights.
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12. The computer program product as recited 1n claim 11,
wherein:

obtaining the first user attention weights further includes

performing row-wise max pooling on the sentence
aflinity matrix and the first item attention weight for
obtaining maximum aihnity; and

obtamning the second user attention weights further

includes performing row-wise max pooling on the
review atlimity matrix and the second item attention
weight for obtaining maximum aflinity.

13. The computer program product as recited i claim 12,
wherein:

obtaining the first user attention weights further icludes

calculating the first user attention weights as
o “=softmax(max,_ (G,©, oY), where o corre-
sponds to attention weights 1n a user review matrix
including n entries for each 1 €[1,n], &” corresponds to
a concatenation of the first item attention weights,
max, . refers to row-wise max-pooling for obtaining
the maximum affinity and ©,__ refers to the Hadamard
product between each row; and

obtaimning the second user attention weights further

includes calculating the second user attention weights
as B“=softmax(max (G ©, (")), where p“ corre-
sponds to the second user attention weights, and p*
corresponds to a concatenation of the second item
attention weights.

14. The computer program product as recited in claim 8,
wherein predicting the rating of the user-item pair further
includes:

receiving a concatenated vector of the i1tem embedding

and the user embedding; and

generating a predicted rating based on the concatenated

vector; and

calculating an error between a real rating and the pre-

dicted rating as a loss function for model training.

15. A system for implementing a recommendation system
using an asymmetrically hierarchical network, comprising:

a memory device storing program code; and

at least one processor device operatively coupled to the

memory device and configured to execute program

code stored on the memory device to:

encode sentences, using a bidirectional recurrent neural
network (BiRNN), of a set of user historical reviews
associated with a user and a set of item historical
reviews associated with an item to generate a set of
user sentence embeddings and a set of 1tem sentence
embeddings, respectively, the user and the item
corresponding to a user-item pair, the encoding rep-
resenting at least one sentence by a sequence of word
vectors and comprising learning a vector embedding
for the at least one sentence based on the sequence of
word vectors by training the BiRNN to learn the
vector embedding by max-pooling hidden states of
the BiIRNN on the at least one sequence of word
vectors,

aggregate, using asymmetrically designed sentence
aggregators, respective ones of the set of 1tem sen-
tence embeddings and the set of user sentence
embeddings to generate a set of item review embed-
dings and a set of user review embeddings, respec-
tively;

aggregate, using asymmetrically designed review
aggregators, respective ones of the set of item review
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embeddings and the set of user review embeddings
to generate an 1tem embedding and a user embed-
ding, respectively; and

predict a rating of the user-item pair based on the item
embedding and the user embedding.

16. The system as recited 1n claim 15, wherein the at least
one processor device 1s further configured to aggregate the
set of 1tem sentence embeddings and the set of item review
embeddings by using respective gating mechanisms during
calculation of the first item attention weights and the second
item attention weights to improve model performance.

17. The system as recited 1n claim 15, wherein:

the at least one processor device 1s further configured to

aggregate the set of user sentence embeddings by:

learning and normalizing a sentence athnity matrix
between user sentences and item sentences; and

obtaining the first user attention weights based on the
sentence athnity matrix and the first item attention
weights; and

the at least one processor device 1s further configured to

aggregate the set of user review embeddings by:

learning and normalizing a review aflinity matrix
between user sentences and item sentences; and

obtaining the second user attention weights based on

the review aflinity matrix and the second 1tem atten-
tion weights.

18. The system as recited 1n claim 17, wherein the at least
one processor device 1s further configured to:

obtain the first user attention weights by performing

row-wise max pooling on the sentence aflinity matrix
and the first item attention weight for obtaining maxi-
mum ailinity; and

obtain the second user attention weights by performing

row-wise max pooling on the review aflinity matrix and
the second item attention weight for obtaiming maxi-
mum ailinity.

19. The system as recited in claim 18, wherein:

the at least one processor device 1s further configured to

obtain the first user attention weights by calculating the
first user attention weights as o “=softmax(max,_ (G,
@, . aY)) where .” corresponds to attention weights in
a user review matrix including n entries for each 1
c[1.n], o corresponds to a concatenation of the first
item attention weights, max__  refers to row-wise max-
pooling for obtaining the maximum affinity and ©,__,
refers to the Hadamard product between each row; and
the at least one processor device 1s further configured to
obtain the second user attention weights by calculating
the second user attention weights as [3“=
softmax(max, (G ©,  [")), where * corresponds to the
second user attention weights, and {3° corresponds to a
concatenation of the second item attention weights.

20. The system as recited in claim 15 wherein the at least
one processor device 1s further configured to predict the
rating of the user-item pair by:

receiving a concatenated vector of the item embedding

and the user embedding; and

generating a predicted rating based on the concatenated

vector; and

calculating an error between a real rating and the pre-

dicted rating as a loss function for model training.
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